Abstract-To understand the mobility patterns of scientists, we combine two large-scale bibliographic data sets to reveal the geographical "career trajectories" of scientists and their temporal properties. Each trajectory contains, on the individual level, information about the institutions, cities and countries and the time spent there by scientists. By aggregating the individual career trajectories, we reconstruct the world network of movements of scientists, where the nodes represent cities and the links in-and outflows. We characterize the topological properties of this network by means of degree, local clustering coefficient, path length and neighbor connectivity. Then, by using multi-order graphical models, we analyze the temporal correlations of scientists' career trajectories at the country, city and institution level. We find that scientist movements at the city and country level can be correctly modeled from a static network perspective, because there are no statistically significant temporal correlations at these aggregation levels. In contrast, at the affiliation level we find that temporal correlations in scientists' career trajectories are important. That means, a memory effect in scientists' careers impacts their next affiliation. We demonstrate that these correlations can be correctly captured using a secondorder network, in which nodes represent moves between two different affiliations. The finding that memory effects are only detectable at the lowest level of aggregation, i.e. the institution, implies that this is the most appropriate level to analyze the determinants of relocation decisions.
I. INTRODUCTION Mobility of high-skill labour is an important economic and political issue. Modern economies rely on high skill labour to maintain their competitive advantage (Bahar et al., 2012; Beechler and Woodward, 2009; Beine et al., 2001; Chambers et al., 1998) . For this reason, attracting and retaining scientists is becoming an important concern for migration 1 policy (Boucher and Cerna, 2014 ).
An open question with regards to academic mobility is the extent to which scientific careers are not only determined by a scientist's current institution, city or country (i.e. Markov process) but also by her whole employment history (i.e. nonMarkov process). It was found that institutional prestige constrains mobility (Clauset et al., 2015; Deville et al., 2014) , but to what extent the mobility process is influenced by memory effects has not been addressed. We investigate this question by adopting a network perspective and analyze the mobility of scientists at three levels of increasing aggregation: institution, city and country. As an empirical basis, we reconstruct the career trajectories of scientists through bibliographic data. Specifically, affiliations reported on scientific publications represent the institutions these scientists have been working for. The time ordered sequences of these institutions are referred to, in line with the literature on labour mobility, as the "career trajectories" of individual scientists.
Previous research (Clauset et al., 2015) has aggregated these trajectories in order to construct a static network where nodes represent research institutions and links the flow of scientists between these. Aggregating this network at the country and city level by geo-localizing affiliations, Torvik (2015) model scientists' mobility using a static geo-spatial network. However, recent advances in computer and network science have raised concerns over the naïve aggregation of temporal sequences and interactions into static networks. In particular, neglecting temporal orderings can lead to erroneous conclusions about the accessibility and importance of nodes on networks (Lentz et al., 2013) and the possible dynamic processes on networks (Pfitzner et al., 2013) . To solve this issue, recent works have introduced the higher-order network abstraction to model and analyze sequence and temporal data (Rosvall et al., 2014; Scholtes et al., 2014; Xu et al., 2016 ). An higher-order network allows to represent temporal correlations in the data in the topology of a network. Additionally, Scholtes (2017) has combined different higher-order networks to obtain a multi-order graphical model that allows to represents sequential data containing temporal correlations of different lengths.
We build on these recent developments in network science, to make two main contributions in the area of scientists' mobility. First, we provide a network analysis of scientists' career trajectories at the city level. This allows us to develop an understanding of the spatial properties of these trajectories. Second, our analysis uses state-of-the-art network-analytic methods to study the temporal aspects of these trajectories. This allows us to uncover differences in the network representation that are needed to capture temporal aspects of scientists' mobility. The rest of the paper is structured as follows. We analyze the geographical properties and timing of scientists' movements at city level in Sect. V. We compute the distributions of four network measures to determine geographical properties of scientists' career trajectories of the extracted mobility network. Then, in Sect. VI, we analyze the temporal correlations of scientists' career trajectories at country and affiliation level. To perform the temporal analysis from a network perspective, we introduce the mathematical notion of paths and multi-order graphical models as described by Scholtes (2017) . With this information we investigate whether there are common international corridors in the movement of scientists at country level. At affiliation level, we analyze whether there are memory effects the the career trajectories of scientists, i.e. how much their current affiliation depends on their previous locations. We conclude with Sect. VII by summarizing and interpreting the empirical findings.
II. RELATED WORK
The global mobility of scientists is an important modern phenomenon. Various fields of research have been looking at global scientific mobility, attempting to identify their patterns, determinants and economic impact. Mobility of scientists is intimately linked to the notion of "Brain Drain", the arguably outdated idea that high skill labor emigrates to the detriment of the local economy, essentially implying a zero sum game. Several studies (Agrawal et al., 2011; Petersen, 2018; Saxenian, 2005) have shown that international mobility has positive spill-over effects, both for the receiving and sending countries. Our work is more focused on the patterns that can be detected in career trajectories of scientists. Several works have analyzed these trajectories from different angles. Scellato et al. (2017) , looking at the productivity of mobile scientists versus their stationary counterparts, find that these individuals experience a productivity boost, suggesting that productivity is possibly correlated with observed mobility. The possible motivations and determinants of the relocation choice have been addressed by several authors (Miguélez and Moreno, 2014; Scellato et al., 2017) , identifying spatial distance and pre-existing social relations as possible determinants of relocation. Moreover, Deville et al. (2014) analyzed interinstitutional career trajectories of scientists and found that career moves follow an institutional hierarchy. I.e., scientists in elite institutions move more likely to other elite institutions and conversely researchers from lower ranked institutions move to other lower ranked institutions. Similarly, Clauset et al. (2015) , while trying to quantify the "prestige" of an institution, argue that scientists' mobility is constrained by the prestige of the source and target institutions.
These studies address questions related to the patterns in scientists career trajectories, but do not answer the questions whether these trajectories are determined solely by the current position or also previous locations. In other words, while the current literature finds that mobility is more likely within a given level of "prestige", it does not tell us if the probability A B C (Torvik, 2015) . Author-ity contains disambiguated scientist names linked to their papers from 1966 to 2009. With this information we can reconstruct for each scientist his/her list of publications. MapAffil lists for each MEDLINE paper and each scientist the disambiguated city names of the listed affiliation (37 396 671 cityname instances). It further gives a unique identifier as well as the geo-coordinates of each city. In addition the datasets provides geographic coordinates (i.e. latitude, longitude) and unique identifiers for each location. This second datasets covers publication from the 1966 to 2015. By combining the two datasets we can extract for each given scientist all the cities of her affiliation and the dates of the associated publications. Hence, we reconstruct the career trajectory of scientists by looking at the sequence of cities they worked in over the time of their active career as scientists (as witnessed by their publications). An example of such a career trajectory is shown in Table I . The merged dataset contains the career trajectories of N = 3 740 187 scientists, which were active in the period between 1966 and 2009, traversing M = 5 485 unique cities.
Formally we denote a career trajectory of scientist i ∈ N as a sequence p i , for example defined by its geo-location R A = (X, Y ) where X gives the latitude and Y the longitude according to the data from MapAffil. The subscript t 0 refers to the time measured in years, scientist i was based in the respective city, according to the career trajectory data obtained. An illustration of the described approach is shown in Figure 1 . Note that due to the time resolution of one year, a scientist may have multiple publications as well as multiple locations in the same year. This can be seen in Figure 1 at t 2 where a scientist is observed in city A and in city B. In this cases, we assign scientists to the locations where they have published more often. For the analysis at affiliation level, we use a dump of the Microsoft Academic Graph (MAG) released for the KDD Cup competition in 2016. The KDD cup version of the MAG data contains more than 126 Mill. publications and more than 467 Mill. citations (Sinha et al., 2015) . Each publication is also endowed with various properties such as unique ID, publication date, title, journal ID, author ID, affiliations, etc. From this data, similarly to before, we extracted the career trajectories of scientists at affiliation level by using the affiliations reported on their publications. Note that for our analysis at affiliation level, we prefer the MAG data set that contains scientists publishing in more disciplines compared to ones listed in MEDLINE. While for the analysis at city and country level, we need to use MEDLINE data for the analysis at city and country level as scientists needs to be geo-localized.
In the MAG data, we have more than 10 thousands distinct affiliations many of which appear only once. In order to decrease the sparsity of this data, we restrict our analysis to the top 100 universities in computer science reported in (Clauset et al., 2015) . To identify these institutions we match their names as they appear on in the MAG corpus using basic string similarity measures and obtain 2 312 376 scientist career trajectories moving through 81 universities 3 . By focusing on this very specific set of universities, we introduce two potential sources of bias, which might affect the interpretation of our results. First, the analysis of temporal correlation will clearly only be valid for the subset of univer- sities we have analyzed. Second by analyzing a subset of top universities, we are focusing our attention to a particular subpopulation of scientists, and hence the results do not generalize the population at large. In other words, we focusing the analysis at institution level on scientific careers encompassing only the most prestigious institutions. On the one hand this is a limitation, because we rely on a biased sample of the scientists population. On the other hand, we obtain new insight about the institutional hierarchy detected by Deville et al. (2014) as well as complementing the faculty hiring network analysis of top universities performed by Clauset et al. (2015) .
IV. METHODS
To study the career trajectories at city level, we adopt a network perspective. Therefore we represent cities as nodes and scientists' movements between cities as links between them. By aggregating different career trajectories, we reconstruct the global mobility network and which we analyze in Sect. V-A.
In order to analyze temporal correlations in career trajectories while retaining a network perspective, we use higherorder networks (Rosvall et al., 2014; Scholtes et al., 2014; Xu et al., 2016) . These are mathematical objects which retain temporal information normally discarded in network analysis. Indeed, if we represent two different career trajectories p 1 = {A 1 , C 2 , D 3 } and p 2 = {B 1 , C 2 , E 3 } each observed twice in the data (see Fig. 2 (a) ) as a simple first-order network, we would imply that from node A a move to D and E is equally likely (see Fig. 2 (b) ). However, by doing so, we have discarded the (temporal) information that there is no observation connecting A to E via C.
To preserve the temporal information, we represent the trajectories p 1 = {A 1 , C 2 , D 3 } and p 2 = {B 1 , C 2 , E 3 } as a second-order network (see Fig. 2 (c) ). In this network, we have four nodes A−C, C −D, B −C and C −E and two links (A − C, C − D) and (B − C, C − E) representing the two possible and actually observed career trajectories. With this second order network, we now respect the (temporal) order implicit in the data.
In general trajectories can have different lengths and hence, can be represented by higher-order networks of different order. Then, if we have a sample of career trajectories of different lengths, how do we choose the correct order to model all these trajectories at the same time? To solve for this question, we use the multi-order graphical models and the statistical test developed by (Scholtes, 2017) . A multi-order graphical model is a combination of higher-order networks up to an order k max where each of these networks models the temporal correlation in the observed trajectories. For a given multi-order graphical model, it is possible to compute its likelihood depending of the observed trajectories. Then, by using a likelihood ratio test between multi-order graphical models with different k max , we can choose a multi-order model with an optimal order k opt that better represents all the trajectories under analysis (Scholtes, 2017) .
Note that if the model that better represents the data has k opt = 1, it means that the data is well represented using just a first-order network and hence, there is no memory. In practice for our data, this means that the next movement of a scientist is only dependent on the current location of the scientist, i.e. it can be represented with a Markov process. While if k opt = 2, it means that the next location visited by a scientists is dependent not only the current location, but also on the previous one. Hence, we should use a non-Markov process to model scientist movements. Scientist movements occur at affiliation level, i.e. scientists move from one university or research institute to another in their career. At the same time, researchers often project these type of career trajectories at city, regional or country level in order to study their patterns and economic impact (Miguélez and Moreno, 2014; Petersen, 2018; Verginer and Riccaboni, 2018) . This is done, by aggregating trajectories traversing institutions located in the same cities, regions or countries and hence, we have scientists migration can be studied at different level (see Fig. 3 ). Then, we ask: Do career trajectories preserve their temporal correlations at different levels? To answer this question, we analyze career trajectories of scientists at country and affiliation level and compute the optimal order of the graphical model that better represents them in Sect. V. If we will obtain the same optimal order independently of the aggregation level, it means that temporal correlations are preserved. While if we will obtain different optimal orders, it means that temporal correlations are not preserved.
V. SCIENTISTS' MOBILITY NETWORK AT CITY LEVEL
We analyze the network that results from aggregating all of the career trajectories of individual scientists in a given year. This brings the discussion to the macro level of scientists' movements between cities. For each year, we can calculate the number of scientists N K (t) in a given city K from their publications, taking unique geo-located authors into account. We can further calculate for each year t the number of scientists ∆N K←L (t) moving into city K from another city L, i.e. the inflow, and the number of scientists ∆N L←K (t) moving out of city K to another city L, i.e. the outflow. we note the left-skew distribution for both quantities, which indicates the heterogeneous contribution of cities to the global movement of scientists.
For any given pair (K, L) of cities we can then calculate the total flow of scientists between these two cities. This is the total number of scientists exchanged between K and L, ∆N L←K + ∆N K←L . The total flow allows us to visualize the migration network of scientists at the world level, as it is shown in Figure 5 . The links are undirected, but weighted according to the total flow.
A. Topological properties of the mobility network at city level
In order to characterize the migration network by means of topological properties, we aggregate the migration networks for the time period 2000-2008. On this aggregated network, we calculate standard measures that are common in network analysis. This includes the degree distribution P (d), where d is the number of cities scientists in a given city either move to, or come from. Already Figure 4 indicates that this is a very broad distribution. Some cities act as hubs, with a large degree, most cities however only have a small degree. This is confirmed by the degree distribution shown in Figure 6 (a).
The distribution of path lengths, shown in Figure 6 (b), measures how many steps are needed to reach, on the network, any city from a given starting point. The small number of hops indicates that the network is very dense in a topological sense, not necessarily in a geographical one.
The local clustering coefficient, on the other hand, measures whether three neighboring cities (with respect to their geographical proximity) form closed triangles, i.e. whether there is a exchange of scientists between them. Figure 6 (c) shows the distributions of these values and we find that most cities have a small local clustering coefficient.
The neighbor connectivity measures to what extent cities with a certain degree are connected to other cities with a similar degree. Figure 6 (d) shows a non-monotonous dependency. Cities with a low degree tend to show an assortative pattern, i.e. they are connected to cities that have a similar number of neighbors. Cities with a high degree, which are characterized as hubs above, are rather connected to cities with a lower degree, i.e. they are disassortative. This gives us already on the topological level important information about the origin of scientists coming to the hubs and the destination of scientists leaving the hubs. Obviously, they do not hop between hubswhich would have been indicated by an assortative pattern for hubs.
VI. MEMORY EFFECTS IN SCIENTISTS' MOBILITY
We study whether career trajectories of scientists contain temporal correlations. We start our analysis at country level and hence, career trajectories are sequences of countries where scientists move in order to work. Temporal correlations in these sequences would indicate the presence of international corridors (made by more than two countries) that channel scientists movements.
# of countries # of links # of trajectories [ Min, Max ] , 32] On one hand, we expect that an analysis at country level should give reliable results. By aggregating data at country level we are increasing the observations and hence, we obtain better statistics. On the other hand, we know that aggregating and projecting sequential data might distort the modeling of the data and destroy its temporal properties (Scholtes et al., 2014) . For this reason, as second step of our analysis of temporal correlations, we analyze careers trajectories of scientists at affiliation level. By affiliation level, we mean that scientists' career trajectories are sequences of research institutions (affiliations) where they have published a paper. With this, we analyze scientists' careers at much more fine grained level compared to city or country level.
For our analysis at the country and affiliation level, we adopt a path perspective. In other words, we use the multi-order graphical model developed by Scholtes (2017) to model the career trajectories and then, we will look for the optimal order.
A. Temporal correlations at country level
We restrict our attention to 3 740 187 individual scientist trajectories across 215 countries between 1990 and 2009. The longest trajectory is of length 32 and 89% of the trajectories have length 1, meaning that we observe most scientists moving only once. This points out that the repeated long term movements are actually more rare, but there are still many (411 258).
The most frequent trajectories of length one are the ones between UK and USA, Japan and USA, and USA and UK. This is directly dependent to the fact USA is actually the largest country made of many states and for this reason we always observe USA in the most frequent trajectories. If we consider only those trajectories not coming or going to the USA, we find that the most frequent trajectories of length one are across UK and Australia, Germany and UK, and and UK and Germany. When considering trajectories of length two, the most frequent ones are between (Japan, USA, Japan), (USA, UK, USA), and (UK, USA, UK). We find that the USA is always present in the most frequent trajectories and again we argue that this is dependent on the fact that the USA is composed of many states. If we consider only those trajectories that do not go through the USA, we find that the most frequent trajectories of length two are across (UK, Australia, UK), (France, UK, France) and (Germany, UK, Germany). This type of trajectories suggests the presence of a "go back home" phenomenon, i.e. when looking at trajectories of length two, we often find the origin and ending of the trajectory to be in the same country. This indicates that scientists go back to their origin country after working in a different one.
In order to identify temporal correlation in our trajectories, we use the test developed by Scholtes (2017) to detect the optimal order for multi-order graphical models. We use Pathpy, the open source path analysis library (Ingo, 2018) , to carry out this analysis and find that K opt = 1 represent scientists' career trajectories at the country level best. This means that the are no statistical significant memory effects in the career trajectories to motivate the use of higher-order network models. In other words, we obtain K opt = 1 because the number of empirical trajectories of length 2 or higher is too low compared to the degrees of freedom necessary to represent the data as a second-order network. Note that by analyzing the temporal correlation at city level, we find also k opt = 1. Hence, scientists movements at city and country level are well captured with a first order network, i.e. the traditional one (see Fig. 2 (b) ).
B. Temporal correlations at affiliation level
Among the 81 analyzed universities, the most frequent trajectories of length one are between Washington University in St. Louis and University of Washington, between Kyoto University and University of Tokyo, and between Tsinghua University and Peking University. So a large quantity of scientists' movements of length one are occurring at the national level and we find this to be true also when looking at longer trajectories. For example, among the most frequent trajectories of length two we find trajectories like (Washington University in St. Louis , University of Washington, Washington University in St. Louis), (University of Tokyo, Kyoto University, University of Tokyo), etc. All this hints us that by looking at scientists' career trajectories at the country level, one discards extremely frequent movements that could contain temporal correlations. To check for this, we the test of (Scholtes, 2017) provided in Pathpy and find k opt = 2. This means that the are statistical significant memory effects in the data to justify the use of a multi-order graphical model of order two. We discuss this result in next section.
VII. CONCLUSION
The central question in our paper is to what extent a scientist's affiliation history determines her future academic career trajectory. To address this question, we have reconstructed, from two large bibliographic data sets, MEDLINE (Torvik, 2015; Torvik and Smalheiser, 2009) and MAG16 (Sinha et al., 2015) , the global mobility network of scientists at three different levels of aggregation, institutions, cities and countries.
Specifically, to understand the static mobility network and the dynamic nature of scientists' mobility, we analyze the phenomenon from two perspectives: (1) the aggregated static mobility network and (2) actually observed temporal mobility sequences. Indeed, we find that there are statically significant and detectable temporal correlations present in scientific careers. However, the effect is only discernible at the lowest level of aggregation, i.e. institution. Our results are important both methodological and empirical, for research on temporal mobility data, in general, and for analyses of scientists' career trajectories, in particular.
The analysis of the network aggregated at city level reveals that a small number of strongly connected cities act as hubs with many cities being connected to them, while these super central cities are mostly connected among themselves. This result is challenged by the conjecture (Lentz et al., 2013; Scholtes et al., 2016a ) that any conclusions on the structural properties of the static network are likely incorrect if the aggregation of this temporal path data contains strong temporal correlations and thus cannot be assumed to be memory-less (i.e. a Markov process). To address this concern, we extract the career trajectories at three commonly used levels of aggregation when analyzing mobility and migration: institution, city and country.
After estimating and testing the existence of memory using the procedure proposed by Scholtes et al. (2016b) , we find that the most appropriate level to represent the mobility sequences depends on the level of aggregation. Specifically, we find that temporal correlations are only detectable at institutional level, and not at the city or country level. In other words, because of the temporal correlations. the memory effect in the career trajectories of scientists cannot be neglected. This result also implies that for the analysis of individual level mobility choices the level of institutions is the most appropriate level of analysis. On the other hand, we conclude that research where the unit of analysis are cities and countries, can adopt standard network measures on the static network without considering temporal correlations.
